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ABSTRACT: This paper praides a frameork for discussing the empirical validation of
simulation models of maet phenomena, in particular of agent-based computational
economics modelsSuch validation is diftEcult, perhaps because of their crityple
morew/er, Smulations can pree exstence, but not in general necessifihe paper
highlights the Engy Modeling rum's benchmarking studies as amxemplar for
simulators. Amarket of competing coffee brands is used to discuss the purposes and
practices of simulation, includingxglanation. Thepaper discusses measures of
complexity and derves the functional compbaty of an implementation of Schellirngy'
segrgaion model. Finally, the paper discussesvia@ourts might be convinced to trust
simulation results, especially in merger pglic
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1. Introduction

The apparent past reluctance of some in the discipline to accept computer simulation
models of economic phenomena might stem from their lack of conCEdence in the
behaiour and results exhibited by such modelsen if there are other reasons, better
validation of such models would reduceyaskepticism about their results and their
usefulness. Leombruret al. (2006) go furtherarguing that a common protocol for
conducting, validating, and reporting agent-based (AB) social simulations is necessary
including (& cases of validation (see Section 6 Bélo Fagiolo et al. (2006) maka
similar proposal, and Midgjeet d. (2007) also ajue for a common approach for
establishing the ™assurance$ (programming veriEcation and engbidatdw) of AB
models, introducing a Eve-step process for modellers.

This paper discusses the general issue of validation (for whom? gafu re
what?) and its relationship to the use of computer modelsxfdaration, and agent-
based simulation models in particuleBection 2 delineates AB computer models from
other simulation techniques, and discusses emergent behaviour in AB n®eetion 3
discusses possible reasons for the apparent lack of enthusiasm in the profession for AB
computer models, and discusses the simulation benchmarking that thy Etueteling
Forum has been undertaking at Stanford for thirty years. Section 4 contrdEisiesufy
from computer models with diHcienc and necessity from closed-form solutions.
Section 5, using data from a real-world market for brande@eofiscusses the general
issues of alidation. Sectior provides a formalisation ofalidity, and a deEnition of its
measurement. Section discusses notions of compley, and argues that functional
complity is the appropriate measure for the complexity of computer simulation models.
We alculate the functional complexity of a well known simulation model, and ask
whether such models might be too compie be poperly tested.As we discuss belqg
this will depend on the goals of the simulation. Although such complexity might not
matter for qualitatie AB models, the issue of V@pparameterisations (Fagiolo et al.
2006) that we highlight here is pasike with all kinds of AB models. Section 8
discusses the use of simulation models in competition (antitrust) regulation, and the use
in the U.S. of thdaubertdiscipline to satisfy the courts that the behaviour exhibited by
memger simulations is sufCEciently close to what would happen thag paticely on it.
Section 9 concludes.

How does this paper contribute to the literatur&®o possible reasons for the
reluctance of economics to use AB models tpgreat extent are, Erst, modelSaiency
but not necessityand, second, difCEculties in verifying and validating such models,
perhaps because of their highdis of compl&ity. Smulations are similar toxestence
proofs, but what of necessityR discussion of sufCEcient and necessary conditions and
simulations attempts to answer this question. The paper undertakete@asve review
of the debate on methodological issues concerning the use of simulation as a tool for
scientiCEc research, speciE&dakyvalidation of simulation models in general and of AB
models in particularstressing the trade-bbetween realism and parsimonA review of
the literature is included, including long-standing research at Stanford which uses
simulations of disparate computer models of the same phenomena fgrgoofioses. A
formal framevork for choosing among different methods of validation is presented.
Despite the functional complexities of agents, systems of agents need not be more



comple than single agents; indeed, at a higheel]eAB systems might be less comple
The paper concludes by bringing together a discussion of empiadidaton, the
measure of model compligy, and legd requirements for predictions from simulation
models to be accepted as evidence in antitrust cases.

2. Agent-based AB) Computational Economics

AB models are being used more often in the social sciences in general (Gilbert &
Troitzsch 2005) and economics in particular (Rennard 2006 esftdion & Judd 2006).
They are also being adopted in matkhg research (Midgleet d. 1997), in political
science, in Enance (Sharpe 2007) and in the multidisciplinary world of electricigtamark
(Bunn & Olivera 2003 et seq.)AB simulations are bottom-up: théavemore than one
level. At the lowest lgel the agents interact, and as a result biela of the system
might emerge at a highervi#. By emegence, we mean macro bglwur not from
superposition, but from interaction at the micreele It is this property of emgence
that sets AB models apart from singledesimulation models, such as systems dynamics
models (Forrester 1961), as discussed in Section &belo

In economics, the Erst AB modelssed Genetic Algorithms as a single
population of agents (Marks 1992, Miller 1996). single population was acceptable
when the players were not differentiated and when the ebinformation from parents
to offspring at the genotypevid was not an issue (Vriend 2000), but when the players
are modelling heterogeneous actors S in realisticvohgion, for instance S each
player requires a separate population, not least teemréhe modelling of illgdly
collusive, extra-market transfers of information.

Moss & Edmonds (2005) gue that for AB models there are at leasi trages of
empirical validation, corresponding to the (at leastp tevds at which AB models
exhibit behaiour: the micro and the macro. The (Erst stage is the micro-validation of the
behaiour of the individual agents in the model, whichytlseiggest might be done by
reference to data on individual belaur. The second stage is maecabdation of the
model's aggregate or emegent behaviour when individual agents interact, which Moss &
Edmonds suggest can be done by reference togagteme series. More®r, Snce the
interactions at the micro vel may result in the emergence ofuebbehaviour at the
macro leel, there is an element of surprise in this habar, as well as the possibility of
highly non-standard betimur,> which can be dif@Ecult to verify using standard statistical
methods. As Moss & Edmonds note, at the macvwel lenly qualitatve \alidation
judgments (about Kald@' dylised facts, for instance) might be possible as a
consequence. Buas we discuss in Section 7 bg)a the macro leel the complexity of
an AB model might be less than its complexity at the miaré.le

There has hwever been a reluctance in economics to embrace simulation in
general or AB modelling in particularThis apparent \@rsion S or disdain S is
mirrored in the discipling' goproach to viewing the economic system as a whole S or

1. Arthur (2006) recalls the Erst attempts to use AB models in economics.

2. For instance, leptokurtosis and clusteredatility might be observed inter alia; thean be highly
non-Gaussian.



parts of it such as masks S as compl& adaptive /stems, despite the recent publication
of four papers in the June 2005 issue offleenomic durnal and the €shtsion & Judd
Handbook(2006)3

3. Why the reluctance?

Two papers (Leombruni & Richiardi 2005, Leombruni et al. 2006) address the absence of
AB simulations in the economics literatdr@hey reveal that only eight of 43,000 papers

in the top economics journdlesed AB modelling, and furthergare that this waswaing

to two reasons. FirstdifCEculties with interpreting the simulation dynamics and with
generalising the results when the model parameters are chaBgednd, no clear
equations with which to use statistical methods to estimate the simulation model.

Fagiolo et al. (2006) argue that, as well as lacking\z&ldped set of theoretical
models applied to a range of research areas, AB simulators are handicapped by lack of
comparability among the models thavédeen deeloped.

Nonetheless for almost thirty years, the Energy Modeling Forum at Stanford has
been @erseeing comparisons among simulation models, although not speciCEcally AB
models. Th&eMF was born out of the ergsr crises of the 1970s, when energy modellers
turned to computer simulations to try to get answers to energy-related igstiesent
researchers' models of the same phenomena are benchmarked and compared. The EMF
did not build these models itself, rather it provided a forum for comparison of the models’
behaviours, as Hill Huntington explains:

EMF desperately tries tovaid ™forecastsS and should not be considered a Delphi
technique. Insteadye have focused on scenario comparisons where modelers use
common assumptions to provide some badly needed congisienoss estimates.
Comparing hw different models respond to a common change in assumptions
hopefully provides some useful information aboutwhthese models betia The
technique is closer to the ceteris paribus approach of theveelatportance of
different assumptions or assumed conditions than being the medelgrguess of
what will happen using their own-best set of assumptions.

As we proceed with issues dildimate change, baseline conditions (without
a policy) have become increasingly important, since ythee then compared to a

3. EvenThe EconomisfEconomics focus, July 22, 2006, p.82) has reetadn the ™niche pursuits that
evdutionary economics in general S and AB economics in particular S has remained.

4. Axelrod (2006) agues that this scarcity occurs across the social sciences, with no obvious focus for
publishing studies that use AB methods. He identiCEed 77 social-science articles published in 2002
with ™simulations in the titl@hese appeared in 55 different journals, onlg tf which published
three or more articles. Similar dispersion igegded by other methods of analysis.

5. American Economic R&w, Econometrica, Journal of Political Economyournal of Economic
Theory Quarterly Journal of Economics, Journal of Econometrics, Econometric ThBevew of
Economic Studies, Journal of Business and Economic Statistigsjal of Monetary Economics,
Games and Economic Behayialournal of Economic &spectives, Reéew of Economics and
Statistics, Euspean Economic Re&w, International Economic Réw, Economic TheoryJournal of
Human Resources, Economic Journal, Journal of Public Economics, Journal of Economic ldteratur



constrained polig case that (Exes the emissiongl$eto some targetedud. In
these cases, we @ dten asked the modelers toomk with their best guess of a
reference case, using their own assumptions. This approach sometimes creates
problems because it makes it more difEcult to compare results consibtently
does provide other bene(Ets.

We dten remind participants that the underlying uncertainty reeected in
EMF studies often understates the true uncertalatyely because we try to use
common assumptions rather than to ask participants to use Wreiagsumptions
(which presumably could vary from each other by quite a bit). That is, there is both
a model structure uncertainty and an input uncertairjifill Huntington, pers.
comm., 2006]

Although the EMF has been tooudy comparing models and véoping poligy
recommendations (seeeyant & Hill (1999), for example) to wa published much on its
methodology of model comparisons, Huntington et al. (1982) provides some insights.
projects hae povided polig/-makers with rolust understanding of complenteractions

in the physico-social-economic systems modelled.

Axtell et al. (1996) introduced the term ™dockings when a second team attempts
to replicate another teasnSmulation model. They clariCEed three decreasingds of
replication: ™numerical idengty™istributional equalences (the results cannot be
distinguished statistically), and ™relational etpncesS (the same qualitadi
relationships). Althouglthe EMF did not explicitly attempt to dock simulation models,
in the studies Huntington describes,ytlveere almost avays able to achie relational
equvaence, often distributional equalence, but rarely numerical identitone outcome
for the EMF studies, heever, came from asking v models based on dérent
assumptions were able to acl@ehese lgels of replication. The closer the replication
from different models, the greater the con(Edence in the simulations' results.

We lelieve that a fourth reasSrfor the lack of interest from the profession at
large in AB modelling is that simulation can, in general, only demonstraiecserfy; not
necessity Since necessity is, in general, unattainable for simulators, proofs are also
unattainable: simulation can dispeoa poposition (by (Ending conditions under which it
does not hold) but cannot m it, absent necessityBut if there are f@ degees of
freedom, so that the space of feasible (initial) conditions is small, then it might be
possible to explore exhausty that space, and hence derrecessity.

6. Epstein (2006) argues that, whatetheir success in prediction, explanation, and exploration in the
past, simulations are belia to lack the brilliant, austere beauty of angetdé theorem, a belief he
argues is wrong. Beauty is, after all, in the eye of the beholder.

7. Watson & Crick (1953) did that with their ™stereo-chemiqaérémentss S simulations S for the
structure of DM\.. Note that the title of their 1953 paper included the phrasstrifctures, nothe
structure, *agging sufCEcisnaot necessity (our emphasis).



4. SufCEciencgnd Necessity

With some formalityit is possible to she how df(Ecult it is to deré recessity using
simulation. Amathematical ™mod&s is the conjunction of a large nhumber of separate
assumptions embodied in a speciCEc implementation, wétalsequations that constitute

a onglomeration of hypotheses and generalisations, as well as parameters and initial
conditions that must be speciEe®do model A comprises the conjunction
(a;Ua,Uay - - Ua,), whereU means ANDS, and thea, denote the elements (equations,
parameters, initial conditions, etc) that constitute the model.

SufCEciencyf model A exhibits the desired target betaur B, then modelA is
sufEcient to obtain exhibited belwur B. That is, A P B. Thus, ag model that
exhibits the desired behaviour is sufCEcient, and demonstrates one conjunction of
conditions (or model) under which the behaviour can be simulated. But if there are
several such models, o can we choose among them? And what is the set of all such
conjunctions (models)?

Necessity:Only those modelsA belonging to the set of necessary moduls
exhibit target behdour B. Thatis, AT N)P B,and O 1 N) b..B. A difCEcult
challenge for the simulator is not to (End speciCEc mAdeilat exhibit the desired
behaviourB, but to determine the set of necessary moddls,Since each modeA =
(a;Ua,Uas - - -Ua,)), searching for the séf of necessary models means searching in a
high-dimensional space, with no guarantee of continaiy a possible large number of
non-linear interactions among eleméhts.

For instance, ifD b..B, it does not mean that all elemergtsof model D are
invalid or wrong, only their conjunction, that is, mod@l It might be only a single
element that precludes model D exhibiting hétar B. But determining whether this is
so and which is the offending element is a costhrase, in general, for the simulator
With closed-form solutions, this might not be trivial, but it might seem easier than
determining the necessary set using simulatiBar-Yam (2006, pers. comm.) cares,
however, that necessity is only well deCEned in a class of models, and that ™if anything, the
necessary conditions are better de(Ened in a discrete model [such as a simulation model]
and are more difEcult to establish in differential-equation models, hence the emphasis on
their proofs.§

Without clear knerledge of the boundaries of the set of necessary models, it is
difEcult to generalise from simulations. Only when theNsef necessary models is
known to be small (such as in the case ofAD$lructure by the time Watson & Crick
were searching for it) is it relagly easy to use simulation to degirecessity’

We return to this issue of the degree of comjpeof AB simulation models in

8. Fagiolo et al. (2006, p.29) speak of ™backie inductions of the ™correctS model; in our terms, this is
identiEcation of the necessary NetBurton (2003) speaks of solving the ™bacéi® problem to
obtain ™aealternative dausible™ (sufCEcient) explanations; his ™forwards problem (Gutowitz 1990)
is prediction, with the observation of emergence (Burton, pers. comm., 2006).

9. Klein & Herskovitz (2005) provide anwerview of the philosophical foundations of the validation of
simulation models.They do not expand on our treatment here; there isydver, a elationship
between the the hypothetico-deduetgpproach of Popper and the discussion in this section.



Section 7 belw.

5. Validation

What is a good simulation? The answer to this question must be: a good simulation is
one that achiees its aim. But just what the aim or goal of a simulation might be is not
obvious. Thereare seeral broad possibilitied? A simulation might attempt texplain a
phenomenon; it might attempt predictthe outcome of a phenomenon; or it might be
used toexplore a phenomenon, to playn order to understand the interactions of elements
of the structure that produces the phenoménon.

Axelrod (2006) argues that simulation can be thought of a third way of
undertaking scientiCEc research: Erst, induction is theedysod patterns in empirical
data (not to be confused with mathematical induction); second, deductioem
specifying a set of axioms and phog consequences that can be wkerifrom them; and,
third, simulation, described by Axelrod as a ™third way$ of doing science S starting with
a £t of explicit assumptions, simulation does notvpréheorems but instead generates
data that can be analysed indudl, as a vay of conducting thought experiments.

Explanation should result in armg at sufEcient conditions for an obedrv
phenomenon to occurTo take an &ample, Figure 1 presents prices and quantities of
branded coffee sales by week in a single supermarket chain in the U.S. Midwest in the
1980s, from supermarket scanner dat8everal characteristics (or stylised facts, Kaldor
1961) are obvious from the graph: Erst, there is a great deatahemb in the mardt:
prices and quantities of at least four brands are not at all stable, antpariereing
great week-to-week changes in their quantities sold. (Theselkan plotted with solid
lines.) Secondsome brands are not altering their prices much at all. (These feer ha
been plotted with dotted linesJhird, for the Erst group the norm seems to be high
prices (and lor sales), punctuatedvery so often by a muchveer price and much higher
weekly sales. If we tabulated each bramlice by its frequengcat dfferent price bands,
other patterns might become clear; the &Erst moments of price would reeect price
dynamics wer the period.

We ould ask seeral questions about the historical data and the underlying data

10. Haefner (2005) lists sen possible goals: usefulness for system control or management,
understanding or insights provided, accyraxf predictions, simplicity or elgence, generality
(number of systems subsumed by the model)ysttess (insensitivity to assumptions), and ¢ost
of building or maintaining the modelxelrod (2006) also lists gen: prediction, performing tasks,
training, entertaining (see those ubiquitous games consoles), educating, existence proofs, and
discovery; prediction, existence proofs, and digeny are the main scientiEc contributions.

11. Rubinstein (1998) lists four purposes: predicting biha, as a mrmative guide for agents or pole
malkers, sharpening economists' intuitions when dealing with comgtaations, and establishing
™linkagesS between economic concepts agday thinking. Burton (2003) lists three questions:
askingwhat is, what could bendwhat should be

12. The upper grouping depicts brands' prices by week (LHS); therlgrouping depicts brands’ weekly
sales (RHS); the four ™strategicS brands are coloured, solid lines, the restTdettbtAnds' price
are (Exed forwen days by the supermarkets.
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Figure 1: Weekly Prices and SaleéSource: Midglg et d. 1997)

generator: What is causing these euctuations? Is it shifts in demand, whether in
aggr@ae or for speci®c brands (perhaps in response to non-observed actions such as
adwertising)? Igt driven by the individual brand managers themesl¥ Ifso, are thgin
turn responding to the preus weeks prices? Oiit might be that the supermarket chain
is moderating the behaviour of the individual bran8sturther cause of the behaur
might be the non-price, non-advertising actions of the brands: aisle display and coupons.
If the proEt-maximising behaur of the simulated brand managers, together with
some external factors or internal factors, led to ielia qualitatvely or quantitatvely
similar to the behaviour of the brands' prices and quantities sold seen in the (Egure, then
we would hae dtained one possiblexglanation. Thassue of degrees of similarity is
one of closeness of (Et, and could be handled using statistical mehsiieegolloving
Durlauf (2005), that by making the assumption of proEt maximizing, we are going
beyond merely seeking a set of equations exhibiting periodicity similar to tveré¥s
dances of the brands in the Egure.
Having sought patterns in the past, and calibrated a nditehecomes possible
to conduct a sensitivity analysis to answer the question: what will happen if such and
such are the pvailing exogenous conditions? Here, the endogenous variables might
include the prices and other matikng actions (i.e., aisle displays, coupons,eaiising)
of one brand manageor of a st of them in this maet. Thisleads to the second broad
goal, prediction.
For prediction, sufEcieng sufEces: there is no need to Wnwhich if ary
alternate conditions will also lead to the observed endogenouvidigisa Thatis,
prediction does not require an understanding of necessity of the undertpiggneus

13. Implicitly, this approach is what Brenner &efer (2006) call ™the history-friendlyS approach to
empirical validation, with its strengths and weaknesses. (See also Malerba et al. 1999).



variables. Thismight explain, as Friedman (1953)gaed, that economic actors can
behae & though thg have solved compl& optimisation problems,ven though thg
remain ignorant of anformal representation of the problem or its solution.

Exploration is perhaps the most interesting example of what can be done with
simulation models. What are the limits of this bebar? Undemwvhat conditions does it
change to another general form of bgbar? Justwhat ranges of behaviour can the
system generate™Mow sensitve is the model behaour (and hopefully the real-ovid
behaiour) to changes in the behaur of a single actoor of dl actors, or of the limits of
interactions between players? Indeed, Miflefl998) Automated Non-Linearesting
System technique deliberately ™breakss the model by searching for sets of parameter
values that produce extreme deviations from the msdaerfmal behwsiour, as fart of the
validation eercise. Exploringthe model in this way maye hope, shed light on the
underlying real-world data generated.

The aim of the simulation depends partly on who is simulating (or who is the
client), and who will be presenting the resulfhe Erst step to convince others that your
simulation is appropriate is to convince yourséMith friendly tools, gen the naie user
can use simulation models tepdorel4 In Section 8 we discuss the criteria that the U.S.
courts use to determine the admissibility of expert testyyramd the &tent to which AB
simulation models might satisfy them, as a guidedidation. Barreteaet al. (2003)
discuss the alue of including the stakeholders in the maglede in the validation of the
model.

Leombruni et al. (2006) list @&wpes of validity that theory- and data-based
economic simulation studies must consider: theory (the validity of the theoryeetati
the simuland), model (thealidity of the model relate to the theory), program (the
validity of the simulating program relag  the model), operational (the validity of the
theoretical concept to its indicator or measurement), and empirical (the validity of the
empirically occurring true value reledi  its indicator).

Throughout the papewe focus on Leombruni et al.empirical validity rather
than their programalidity. The former (Mansos' (2002) ™output validations) asksvho
successfully the simulation modekutput exhibits the historical behaviours of the real-
world target system. The latter (Manssn8tructural validations) asks wowell the
simulation model represents the (prior) conceptual model of the real-world syStfem.
course, if the wrk lacks theory or model or programalidity, then it will in general be
very difEcult to obtain empirical validity.

Fdlowing Rosen (1985), it is useful to think of dwparallel unfoldings: the
evdution of the real economy (or maatkor whateer) and the eolution of the model of
this real-world phenomenon. If the model is properly speciCEed and calibrated, then its
evdution should mirror the historicalvelution of the real-wrld phenomenon: we could
obsere the aolution of the model or the real-worldv@ution S both should reeal
similar behaviour of the variables of interest.

14. Resnick (1994) provides a cleatagnple of a student using a NetLogo simulation to exploregamer
behaviour.

15. Midgley et d. (2007) include program veriCEcation as one of their €Eps in what the dub
™assurances S veriEcation and validation S of the model.
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6. Formalisation of Validation

Let setP be the possible range of observed outputs of the real-world system, here the
prices, quantities, and pro@isf the coffee brands of Figure 1 each wekkt setM be

the exhibited outputs of the model inyameek. LetsetS be the speciCEc, historical output

of the real-world system in giiweek. LetsetQ be the intersection, if gnbetween the

setM and the seB, Q° M C S. We aan characterise the model output ire@ses-’

a. |Ifthere is no intersection betwelkhandS (Q = A), then the model igseless.

b. If the intersectiorQ is not null, then the model igseful,to some dgree. In
general, the model will correctly exhibit some real-world systemvieinas, will
not exhibit other behaours, and will exhibit some behaviours that do not
historically occur That is, the model is both incomplete and inaccurate.

c. IfM is a proper subset & (M | S), then all the moded' behaviours are correct
(match historical behaviours), but the model daeexhibit all behaviour that
historically occurs. The model is accurate imebmplete.

d. IfSis a proper subset ™ (SI M), then all historical beléour is exhibited, bt
the model will exhibit some behaviours that do not historically ocEbe model
is complete buinaccurate.

e. Ifthe setM is equiaent to the ses (M U S), then (in your dreams!) the model
is complete and accurate.

By incomplete we mean thatS\Q is non-null, so that the model does nwhibit
all observed historical behaurs. Byinaccurate we mean thaM\Q is non-null, so that
the model exhibits bekimurs that are not observed historicaffyHaefner (2005) notes
that the set boundaries might be fuzzy: not ™ins$ o8 Blbuipntours of the probability
of belonging to the set. Figure 2 illustrates these relationships.

One goal of the modeller might be to attempt to construct and calibrate the model
so thatM » Q » S (case e.): there are verywfdistorically observed behaviours that the
model does notxhibit, and there are veryJeexhibited behaviours that do not occur
historically The model is close to being both complete and accurate xpdaration.

But this might be wer(Etting for prediction. In practice, a modeller examiningesignt
conditions (existence proofs) for preusly unobserved (counterfactual) behaviour might
be happier to achve @ase d., where the model is complete (and henceida®
sufEcienc for all observed historical phenomena), but not accdfa®@f course,
changing the moded'parameters will in general change the madethibited behgiour
(setM). Inthe calibration stage, we might well be happier if we could adjust the model

16. Midgley et d. (1997) and Marks et al. (2006) describsvitbey calculate each brargliveekly proCEts,
given the combination of marketing actions of all brands that week, and with prior knowledge of the
brands' costs.

17. This conceptual framerk was introduced by Mankin et al. (1977).

18. One referee would prefer the teradundanthere, arguing that such a model might tell the modeller
something about what could yet happen in the world, with largeSsatdP.
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Figure 2 Validity relationships (after Haefner (2005)).

(€)
M

parameters so thid » S, in the belief that the changed $é¢twith different parameters
might well model a variant of historical reality.

This suggests a measure of validity which balances what we might call (from
statistics) the Type | error of inaccuyawith the Type Il error of incompletenesi
order to deEne these measures, we need a metric (a ratio scale) de(Ened ddatlhé sets.
m().

We @n deERBinaccuracya as

o 1. MQ) 1)
L iy

andincompleteness as
o 1. MQ) (2)
9°1 meS)

A measure of degree obldationV could be a weightedvarage of inaccuraca and

19. As Fagiolo et al. (2006) remind us, ™in-sample$ data axamelghen the goal is description or
replication of the phenomenon; ™out-of-sample$ data can be used to test treed@del’ as a
prediction model. But, gen the scarcity of good time-series against which to both calibrate models
(using ™in-sampleS data) and then predict (against ™out-of-sample$ data)yvehbeenhésv
predictions using AB models. Froeb, inoddhury (2004), supports this claim for antitrust
simulations (see Section 8 below).

20. Mankin et al. (1977) introduce the concepisdel eliability andmodel adequag\effectively deEned
asm(Q)/m(M) and m(Q)/m(S).
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incompleteness:
Vovld-a)+(1-v)(l-g)

:m(Q)ae \Y; 1-vp

em(M) T m(S) 2 (3)
The value of the weight, 0 £ v £ 1, reeects the tradebfbetween accurgcand
completeness.

For well-behaved measuresn() of set size, the (Erst partial datrves of validity
V with respect to both the size of the modelMeand the size of the historical seare
negaive, so he smaller each of thesedwets, the higher the measure afidity, cet. par
The partial dexiative d V with respect to the size of the intersection@e$ positve, so
the larger the intersection, the higher the measure of validitypar.

It might be possible to reduce incompleteness by generalising the model and so
expanding the domain of s& until S is a proper subset dfl, as in @ase d. Or by
narraving the scope of the historical behaviour to be modelled, so reducing the domain of
S. It might also be possible to reduce inaccyrig restricting the model through use of
narraver assumptions and so contracting the domaid ofif M is sufCEciently small to
be a proper subset & as in @se c., then the model will ve exhibit anhistorical
behaviour.

This process of constricting the model by narrowing the assumptions it builds on
is not guaranteed to maintain a non-null intersedf)oland it is possible that the process
results in case a., with no intersectiorhis is reminiscent of the economist looking for
his lost car kys under the street light), instead of near the car where he dropped them
in the dark §). Advocates of simulated solutions, such as Judd (200@g, &agued that
it is better to ™¥a an goproximate answer to the right question, thanxatkeanswer to
the wrong questio to quote Tuley (1962).

Haefner (2005) notes that most published validati@ncéses (at least in biology)
focus on the size o) or, at best, on model accunac In economics we are not only
interested in understanding thenhd, but also in changing it, by designingmngystems.
Design often requires prediction of counsetiials, situations that V& reve been
obsered, and simulations S with their demonstrations ofGiafenc S are one way of
grounding the design process, as Marks (2006) discusses. Designing counterfactuals is
rare or non-existent in the natural sciences.

Model completeness or adequas dif(Ecult to wluate when most historical
datasets are small and spargexr any gven levd of (Et letween a model and the
historical, better models are those witivéw ratios of the degrees of freedom to the data
points (Etted (Simon & Wallach 1999). This is because, with sufCEcient degrees of
freedom, an pattern in the historical data could be tracked, but with swel€iting, it
would be difCEcult to predict outside the historical data set.

How appropriate are the relationships of Figure 2 to our three broad goals of
simulation in the social sciences in general and in economics in partichdawdth the
natural sciences, when seeking explanation, the closer the sbated/iour to the real-
world behaviour the betteas in @ase (e). As discussed afep prediction in the social
sciences is often handicapped by small numbers of prior @teryS, and predictions
can be counteattual; this implies that case (d), the inaccurate case, might be more
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appropriate. The@pposite case, the incomplete case (c), might be more appropriate for
exploration: as we change the underlying assumptions, the model sell appear to

move aross the real-world s& as a ®archlight might pick out objects of interest eying
across the night gk

7. Complexity of Agent-Based Simulations

By simulating bottom-up bekeour, AB models of such social interactions as neark
exchanges more closely represent the way phenomena at the nvatreueh as prices
and aggrgae quantities, emerge from behaviour at the micvel ldhan do reduced-form
simulations using systems of equations. But there is a trade-off: complexity.

Some, such as van Damme & Pinkse (2005), argue that sincertlde ov at least
those phenomena in theord we wish to model, is complex, the models must be
comple too?! But with complexity comes a challenge: to validate.

Can we put a number to the complexity of such mod&le8, in fact seeral.
Consider four measures of comytg (Bar-Yam 1997): algorithmic, belimral,
descriptve, and functional. Algorithmic (or Klmogora/) complexity of a system is a
measure of the complexity of the procedures used in transforming inputs to outputs,
where inputs are included in the conjunction of Section #elmUa,Uas - - -Ua,). Itis
a generalisation of the Shannon (1948) information content of the program algorithm
expressed as a minimal-length string. This measureees, requires reducing the
algorithm to a minimum length, which is not ea8joreover, any estimate of algorithmic
complity of a system must also include the complexity of the comphier operating
system, and the hardware.

Behavioral compleity is a measure of the probabilities of the possible outputs
exhibited by the modelStrictly, it is the amount of information necessary to describe the
probabilities of these bewaurs. Descriptie mmplexity of a system is measured by the
amount of information necessary to describe it, including its vieina As such,
descriptve omplexity is a superset of behavioral conytg. In general, when talding
simulation models of economic phenomena, we are more interestedvith@anputs
might map to outputs, than in the means of modeffing.

Functional complexity (Ba¥am 2003) is a measure of the compleof possible
mappings from inputs to outputs of the model. When focussinglishation S to what
extent combinations of inputs result in the mollieexhibiting ™correctsS outpugwhere
there are Ieels of correctness, and, possibtpntours of the probability that a speciCEc
conjunction of inputs will exhibit a target set of outputs) S the appropriate measure of
complity is that of functional compiaety. Moreover, this does not require us to
determine the minimum description of an algorithm or a model state, or indeed to ask
much at all about the programs, compilers, or operating systems.

Bar-Yam (2003) de(Enes functional comipyeas the relationship of the number
of possible inputs and the number of possible outputs:

21. To paraphrase Einstein, as compés recessarybut not more.

22. A caveat is that wel like most of our agents to eage in purposeful bela@ur, up to ®me bound of
rationality.
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C(f)=C(a)2°® (4)

The complexity of the function of the syste@(,f), equals the complexity of the actions

of the systenC(a) times two raised to the complexity of the inputs variables of the
system, C(e). The three complexities, inpuC(e) and outputC(a) and functional
complexityC(f), are deEned by the logarithm (base 2) of the number of possibilities, or
equiaently, the length of its description in bits. As mation for this equation, Bar

Yam agues that this follows from recognizing that a complete speciCEcation of the
function is gven by a bok-up table whose rows are the actio@gal) bits) for each
possible input, of which there ar&(9.

Bar-Yam further adds that this deEnition applies to the critypté description
as deEned by the observer S apart fromwkng possible inputs and outputs, the
function could be a black box S so that each of the quantities can be deEned by the
desires of the observer for descuptiaccuray. This dovetails well with this papes
purpose.

Equation (4) is similar to a dedtion of ours in 1989 (see Marks 1992) when
modelling a p-player repeated ame with players as stimulus-response automata,
responding to the state of play asythkaow it: with p players, each choosing from
actions and remembering rounds of playthe number of possible states each must be
able to respond to i8™. When modelling players as bit strings with unique mappings
from state to action, what is the minimum length of each string? The stoogdw
require Ceiling[log(a)] bits per state, or a total of Ceiling[lg@)]a™ bits per player.

For example, a player in an iterated Prisoaddlemma,ais 2,mis 1, andp is 2,
resulting in 4 possible statedVith only two possible actions, loga) = 1, and the
minimum-length  bit string is 4. Using equation (4), C(e) = log,(2?) = 2,

C(a) =log,(2) =1, and scC(f) =1~ 22 = 4, nothing more than the minimum-length bit
string. More generally, C(e) =log,(a™), C(a)=log,(a), and so log functional
complexity is gven by C(f) = log,(a)2°°%E™ = a™log,(a) per player.

Because of the exponential nature of the deEnition of functional amplehe
complity of the inputs or environmental variables to the model is larger thanlGay
bits, the functional complexity will be huge, and cannot reasonably be spétiCEed.

From this discussion, one could conclude that the system complexity is simply the
perplayer complexity times the number of players or agents. In the iterated Pgsoner'
Dilemma, the simulation model would \walog functional complexity of 8, since there
are two players. Moregenerally the log functional compiety of models ofp agents
choosing froma actions and rememberingn previous rounds of play of a repeated
interaction would bepa™log,(a), for state-based stimulus-responsemgs. Butfor
models with more than onevi#, such as AB models, this would be misleading.

Functional compbety per player or agent (measured by the minimum bit-string
length for each) is not the systenor nodel's functional complgity. The interactions of
the agents may lead to the egence of highelevel patterns, which is often the object of

23. In Marks et al. (2006)a =8, m= 1, and p = 4, resulting in bit strings of length lg¢8) 8*=12,288,
the log functional compléty of this models hit-string agents, resulting in log functional comyite
for the AB model of 98,304.
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interest of such models. Although the log functional comipjleof a model withp
players might appear to be simppytimes the agers' log functional compbaty, this
ignores the appropriate scale of observation and the emergence ofl&ghpatterns.
Bar-Yam (1997) argues that a systemNbfagents need not ¢ times as compleas a
single agent, since agentswaer heterogeneous, may V& nuch in common; indeed,
the system might be less complhan the compbaty of a single agent as we shift our
obseration from the scale of the individual agent to the system sddlat is, at the
macro leel of the system, the observer is blind to the coxipés at the micro
(individual agent) leel, which fall belav his threshold of observation, whether spatial or
temporal; instead, the observer looks for patterns at the maetdie

For a whole class of micro models the same macro behaviour will emerge, which
means that the complexity at the micro scale, although real enough, need not preclude
valiidation of models to exhibit target macro behaviour: witiga@ to the macro
behaviouy mary variables are irrel@ant. Thisis known as umersality (BarYam 2003).
Another way of putting this is that the emerging behaviour at the macro scale is
insensitve © euctuations in the values at the micro scale. This is reeected in the non-
increasing complexity proCEle. It follows that, before the measure of complexityvean ha
ary practical meaning in validation, we must specify the scale of discussion (is it a
bitwise comparison or is it at a more macreele) or the order of magnitude of the
accurag of validation.

The realisation that the complexity of the AB system at the maueb rfaght
well be less than the complexities of the vmdiual agents at the microvid means that
Moss & Edmonds' (2005) recipe for validation at theotlevds might be difEcult to
achieve: athough the macro &l validation might be attainable, at least the qualiati
validation of the stylised facts, attempts @lidate the agents might foundbecause of
the agents' compiaty. Does this matter™Not in cases where Bafam's wniversality
holds. Indeedthe demonstration that emergent behaviour at the maaiadeobust to
different micro agents strengthens the power of the simulation.

Two obsenations provide support for a lowervi of complexity at the macro
level of the system than at the microvék First, a complex system is frequently
comprised of interrelated subsystems thateha turn their own subsystems, and so on
until some non-decomposablevék of elementary components is reache8econd,
interactions inside subsystems are in general stronger and/or more frequent than
interactions among subsystems (Courtois 1985)hese tw obsenations support the
notion that, whateer the micro behaour (within limits), the macro behaviour that
emeges is ivariant, so that the complexity of the system at the macro scale is less than
the complexity of the agggetion of micro subsystems.

But some comple systems are not decomposable, or at least not decomposable
under certain external conditions. The challenge is to identify the class of models that are
less comple at the macro scale than at the micro, and that capture the properties of a

24. The complexity of a system obsedswith a certain precision in space and time is characterised in a
™complexity proCEles (Bar-Yam 1997). In general, such proCEles are non-increasing in scale.

25. This is also the basis of the deEnition of ™nearly decomposable systemss (Simon & Ando 1961).
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real-world system, that is, to identify the class of models that exhibitergaility.
Related to this issue is the problem of testability of representations througiittaion
of the mapping of the system to the representation (Bar-Yam 1997).

How is a nodel's functional complexity at gnscale related to the degree of
validation, V, of equation (3)? The alidity relationships of Figure 2 taa keen plotted
assuming a common scale of measurement between the real world and the model. This is
important: inadvertent measurement at,, sagnaller scale for the model and adger
scale for the real world would result infdifent precisions for the set4 andS, which
could mean measuring micro behaviour of the model and attempting to compare it with
real-world macro behaour. Depending on the behaviour of theotw would be
estimated as higher or lower than its true value.

7.1 TheFunctional Complexity of SchellirgSgegation Model

In order to put numbers on the measure of functional complexity (equation 4)veve ha
chosen a speciEc implementation of SchedliSggegaion model (Schelling 1971,
1978): the version freelyvailable for use in NetLogo (Wensky 1998). Althoughnot
strictly an AB model (Gilbert & foitzsch 2005), it is a model in which interactions at the
micro scale (between each cell and its eight neighbours) lead at a higher scale to the
emepgence of sgregated rgions, under some conditions. Schelling (2006) explains he
used the model to demonstrate thajregated neighbourhoods could ariseee when
households possessed a degree of tolerance for other kinds of people living nekt door
is true that this model is essentially qualitatiand so does not require calibration to
historical parameters in order to be usefut, ibis a very well known model and sesv
as an appropriate model for this discussion of complé&Xity.

Appendix A displays the NetLogo code forggetion, after the comments v
been stripped. The ASCII code includes 1687 7-bit charactatsafter compression
with the Unix program gzip, which reduces the size of the (Ele using Lemmpeldiig
(LZ77), the compressed size is 609 8-bit characterbits, the size of the code fell from
11,809 bits to 4,872 bits, after compression. The compressed size is a measure of
algorithmic complgity, dthough it ignores the bulk of the NetLogo program, to which
the code in the Appendix is only an input, oviesnmental \ariable. D adbtain the full
measure of algorithmic compigy of Segregation, we need the underlying NetLogo code
and more as wefl’

With the deEnition of functional comptg, this need is obviated: we only need
to have the measures of inputs (environmental variables) and outputs, and then use
equation (4). For the NetLogo implementation of @egdion, these are the inputs
(environmental variables):

26. Morewer, another version (Cook 2006) of this model has been used by Leigftsion to conduct
learning &ercises in deeloping measures of geggation (see Frankel & Volij 2005), and in testing
hypotheses about gegation with different leels of the models parameters (seeesfatsion 2006).
Cook's model is MS Windows-speciCEc.

27. For this reason, we do not attempt to measure the deseripiinplexity (or its subset, the betiaural
complexity) of Segrgetion.
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1. Thenumber of ™turtl8spr inhabitants. Thisiumber (call itN) ranges between
500 and 2500 in $gegaion, which requires 11 bits to spegifg@rictly
log,(N - 500).

2. Thetolerance, or percentage of a similar colour desired as neighbours in the eight
adjoining ™patchesS. This number ranges from 0 to 8, which requires 4 bits to

specify.
3. Theinitial randomisation. Each of the turtles is either red or grds¥aving
aside hav this random pattern is generated, each of the up to 2500 turtles requires

a mlour bit. Colour increases by 1 the number of bits,(Ibg- 500)) required to
specify the initially occupied patches.

The NetLogo implementation of §egation has as outputs twneasures and the
pattern:

1. A measure of the degree ofgsegaion, such as the percentage of similar
patche€® This number ranges from 0.0 to 99.9, which requires 10 bits to specify

2. Thepercentage of unhappurtles. Rangingrom 0.0 to 99.9, this too requires 10
bits to specify (In the long run, this almostwadys corverges to 0, so long as
there are enough empty patches.)

3. Thepattern. Thepattern appears on a square of 551 patches, where each
patch can be red, green, or black (unoccupidtjs requires 51 51" 3 = 7,803
possibilities, which requires 13 bits to specify.

If we ignore the Erst bameasures of the output, summaries whicyway could
be calculated from the (Enal pattern, equation (4) indicates that the functionakitpmple
of this implementation of Segydion is:

C(f) — C(a)2C(e) =13 2(|092(N-500)*-4+1)

The power of 2 in this equation is boundedwabby 16, so the maximum log functional
compleity of this implementation of $gegation is 13" 2° = 851,968, measured in bits.
That is, there are at most2°®possible mappings from sets of inputs to unique outputs
for this model.

But the large blobs of colour (of greegaed neighbourhoods) or the dappled areas
(well integrated) are what the eye is looking, flast micro patterns at the patchvée
parsimoly would suggest a much lower number thali ® specify the possible
meaningful outputs of this qualiteé nodel?°

Now, the Sgregaion model is a highly abstract model, and ™it is not clear what
data could be used to validate it directlyS (Gilbert &ifzsch 2005). But that' the

28. As Frankel & \olij (2005) discuss, there is no consensus @ntbaneasure ggregation. Thisis at
least a simple measure.

29. One referee suggests thatgBgation is, in practical terms, very much less compiean | hae
described it here: validity of the model at the macxellean occur for a large set of (Enal patterns
(output 3), so that a summary measure gfegtion to perhaps only one signiEcant place might be
sufCEcient (output 1).
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point: if it were more speciCEc, it would requivenemore inputs, which might double the
functional compleity of the model for each additional bit required to specify the inputs,
from equation (4).Although it might be difEcult to kwowhat data to use to validate a
simpler more abstract model, on the other hand a more realistic model mightaha
much greater comptdy measure, as the possible mappings from inputs to possible
outputs grav in number.

This suggests a trade-off: a less-compi@odel might in principle be easier to
validate by virtue of its relate lack of complgity, while a more realistic model, which in
theory could be (Etted to historical data as part ofalidation, might be enormously
functionally complex, although the required scale of acquragst be speciCEed S at
some more agggete level usually.

Given the complexities of AB models, validating such models at both micro and
macro leels may appear daunting, and/en the difEculty of determining the class of
models insensite © mary micro variables (or robust across Monte Carkpe&riments
with random micro variables), some mighgae that such models must be takenaotif
We would argue that this pessimism is not warranted: complete validation is not
necessaryand docking of different AB models of the same phenomenon will engender
con(Edence in the tddtness of their results. Indeed, simulations of economic phenomena
are used in most countries to enable paliakers to hae me idea of he the national
economy is performing, and the EMF brings together simulators who model
energy/emironmental systems in order to illuminate pglissues, as discussed in Section
3 aove.

Simulations are also used in a narrower domain by economists considering
possible market consequences of proposed mergers between companies, so-gpted mer
simulations, the results of which must beustbenough to convince the court, in mpan
instances, that the competitiorgtdator's decision is the right oneCorvincing lavyers
and judges of the validity of the predictions of @neonomic simulation model is not
easy How might this be accomplished?

8. TheDaubertCriteria and Simulations

When there is a need for a counterfactual, a prediction of what might happen to social
welfare in a market in which wvpreviously independent (Erms merge horizontétky
economists of the U.S. Federal Trade Commission and the European Competition
CommissioR® have wsed so-called merger simulations to prediat market conditions
would change and so whether economic amefas measured by the change in social
welfare would rise (perhaps because of economies of scale in production) or fall (perhaps
because of reduced competition leading to higher prices than absent the merger).

Since merger decisions are often challenged in court, where costs and damages
can run into millions of dollars, there is a high requirement &tidity of the predictions,
especially when appval might be withheld as a consequence of the simulatioeb

30. In 2004 the European Commission amended the substantial test for mergers from ™dominances to the
change in the il of effectve cmpetition in the market, thus approaching the 1982 U.S. test, and
requiring the competition watchdog to do more than predict theanhaHhare of the merged entity
(Werden et al. 2004, van Damme & Pinkse 2005).
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(in Woodhury 2004) contrasts the academic referee spending ™a little bit of timeS on each
review with the $100,000 referee reports in damages cases.

So merger simulations, to be taken seriously in court and inymlates, need to
be credible. Hav do they achieve this credibility or how to they fail to do so?

Van Damme & Pinkse (2005) list the inputs to the model, when simulatingetnark
equilibria, in merger simulations: a description of the demand side (usually an estimated
system of equations), a mode of competition (often Bertrand, although this is an
unresoled issue in the literaturewaiting further empirical evidence, seeoddbury
(2004)), a description of the supply side (Erms' cost functions), and an assumption of
&Erm behaviour (almostalys proEt-maximising).

Van Damme & Pinkse gue that tw factors determine the precision of the results
of ary empirical study:bias (up or davn in the results) andariance(from sensitivity of
the results to changes in the data). Model coritylethey argue, plays a laye role in the
biashariance tradeoff: very simple models which are a poor description of market reality
may exhibit bias; but richer models, requiring more data, tend to exhibit ranamce,
unless more data isvalable. Richerdatasets, and more complemodels, can reduce
both the bias and variance of the exhibited biehea but greater model complexity has
its own traps, theargue. Andyet, as we argued in Section 7 aBoAB models at a
macro leel might be less complethan the aggggtion of their agents' complexities and
still exhibit macro behaviour qualitaély similar to the historical phenomena.

Van Damme & Pinkse (2005) present a hiergrofi modelling methods, as the
awvailable data and modelling resourcesvgraalibration, estimation, and modelling
individuals' choices (with, for instance, supermarket scanner Ha#3. they put it,
™Calibration entails the use of minute amounts of economic data to invantrele
guantities in a structured economic maglgd.9) Absent exact models and sufCEcient data,
the validity of the exhibited behaviour of the model is questionable, especially when
making forecasts, such as presented in court tesfim@&ecause of the implicit
assumptions of lack of errors in both data and model, calibration is not ablevitepro
conEdence intervals for the exhibited biela as Hiefner (2005) argues a good
valiidation method should doEstimation and modelling using individuals' market choice
data can do so, but these econometric techniques are not AB simulation modelling.

In the U.S. the courts i@ ®t a high standard for the nger simulators at the
F.T.C. and the plaintifcompanies, the so-callddaubertdiscipline3? As Stephens et al.
(2005) recount, the 1993aubertdecision made an explicit link between the reliability of
an pert's testimory and the &pert's use of scienti®&c knowledge ded by use of the
scienti®Ec method. The 198@mho Tre decision extended thBaubert standards to
testimory based on ™technicalS or ™other specialiseds knowledge.

Werden (Wbodhlury 2004) lists three conditions for admissibility okpert
economic testimoy including the results of mger simulations: Erst, the witness must

31. In Midgley et d. (1997) and Marks et al. (2006), we used scanner data when estimating the demand
reactions to brand marketing actions: coupons, aisle displays, and promotional advertising, as well as
price. Sed-igure 1 abwee.

32. Daubert v Merrell Dow Pharmaceuticals, Inc509 U.S. 579 (1993Kumho Tre Co. v Carmichael.,
526 US 137 (1999).
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be an expert in the relant Eeld of economié$;second, the testimgnmust emply
sound methods from the reét (Eeld of economics; and, third, the testynmouast apply
those methods reliably to the facts of the case: simulation must be groundedawisthe f
While lawyers hee siccessfully argued with presumptions based on market shares and
precedent, testifying economists must use the tools of economics, including simulations,
properly.

In a paper rousing the system dynamicsr(&ster 1961) simulation modelling
community to meet the current standards for expert witness admissiigiphens et al.
(2005) summarise theaubertcriteria and sub-criteriaTable 1 summarises this.

1. Thepreferred testimgnshould be based upon a testable hypothesis or
hypotheses:

1.1 Thehypothesis must v explanatory power relate o the case S it must
explain the hav and wty of the observed behaviouMore than merely
descriptve, the hypothesis must also be predieti

1.2 Thehypothesis must be logically consistent S it must contain no internal
inconsistencies.

1.3 Thehypothesis must be falsiCEable, through empirical testing.

2. Thehypothesis must & been tested to determine the known or potential
error rate.

3. Hypothesemust hae been formed and tested and analyses conducted in
accordance with standards appropriate to the techniques employed, including
standards garding:

3.1 Consistencwith accepted theories.

3.2 Thescope of testing S ™. the more seere and the more dérse the
experiments that fail to falsify an explanation or hypothesis, the more
corroborated, or reliable, it becomesS (Black et al. 1994)

3.3 Precisiors p recision is easier to test than generalisation.

3.4 Post-ipothesis testing S can it explain more than existing data?

3.5 Standardat least as strict as those for non-forensic applications.

4. Thetechnigues used shouldvealeen peer-reviewed:

4.1 Theinitial peer reviev before publication.

4.2 Thepost-publication peer revie

5. Thetechniques used shouldveabeen generally accepted in the scientiEc
community.

Table 1 Criteria for expert witness testimpninderDaubert
(After Stephens et al. 2005).

System dynamics simulations are quitdetént from AB simulations: possessing

33. That theDaubertdiscipline places some emphasis on the people wasee the simulation echoes
the recent emergence of ™companion modellings, in which the simulator is partnered by ether stak
holders in the model-building and experimenting (simulating with different parameters) iterated stages
(Barreteau et al. 2003). That isyvé®ping conEdence in a model is not simply a mechanical process,
but invdves the relationships between the simulation modellers and the people who use the simulation
results or who are affected by others' use of them. This can also be seen in the EMF projects:
simulation modelling, and its benchmarking, is almosegs sponsored by policy-makers.
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only a single leel S t hey model the indiidual, or the Erm, or thegenisation, or the
society S they cannot model interactions between scales weide and so do notx@ibit
emegent behaviour (Gilbert & rbitzsch 2005). But their relag smplicity means that

they are more likely able to satisfy the criteria of Tabl& 1t would tale another paper to
adequately explore the extent to which AB models might satisfy these criteria, that
nonetheless present a standard for AB modellers to aspire to.

This non-lawyer will hazard a guess atwh®aubert would apply to the
Segrgdion model. The tolerance measure and the migration of unhappseholds (the
micro behaviours) are clearly testablgpbtheses. Thanheighbourhood sgegdion
occurs is also cleadthough the mechanism for this must be related to the micro
behaiours. Indeedsuch tests at the micro and macreele are required byaubert
together with peer weew. Moreover, general acceptance of ggegaion generated by
such a mechanism is wowell established.We dscuss bel how the \alidation
framework of Section 6 might be applied to counterfactual simulation models.

Werden (Wbodhury 2004) argues thddaubertrequires that all assumptions and
simpliCEcations in the model must be justi®Eed S using economic, threhrgtry data,
consisteng with stylised facts, including the present S and that sensitivity analysis is
necessary in order to demonstratevpoedictions depend on assumptions.

Froeb et al. (2004) explain that the techniques and models used germer
simulations would be more reliable and hence acceptableyifiiheé been alidated,
retrospectiely, in their predictions of post-merger beiaur, of Ems, and of marts,
but that lack of data has meant very little out-of-sample predicting alidhtion. Absent
such testing of AB simulation models, simple models fully justiCEed, with cleanggnsiti
analysis of the exhibited behaviours, should be considered an absolute minimum for the
courts and lawyers.

Which of the relationships of Figure 2 would best satisfy Dlaebert criteria?

An incomplete model (c) might be useless if the model did not simulate historically
obsered data, especially if &'to be $ed to predict, to simulate countfuals. Bugn
inaccurate (qras me referee would e it, a redundant) model (d) might be of value to
the court if the counteattual scenario were beled to fall into the rgion M\Q. In
equation (3), set the weightto unity, to value inaccurag not incompleteness, in the
degree of validation measuve

Whether a standard check-list for the validation of AB simulation models can be,
Erst, desloped by the AB simulation communjtgnd, second, adopted ,bsay, journal
editors as a necessary (but not, of course, sufEcient) condition for consideration for
publication of papers presenting AB simulation results remains to be seen. Not just
Leombruni et al. (2006), and Midgiet al. (2007) but also Fagiolo et al. (2006) propose
agendas for concentrated methodological research by the AB modelling comrmsiaity
Erst step.

34. Morewer, a ist of 23 peerevieved journals in which system dynamics work has been published
(Stephens et al. 2005, Table 2)ess that this methodology is much more associated with managerial
and engineering issues than with micro-economic and market-related issues: @rdy ttve 23
journals could be garded as economics journals.
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9. Conclusion

As Shannon (1948) taught us, the notion of description iediri the idea of the space

of possibilities. We ae dravn to the use of computer models of economic phenomena for

at least tw reasons: (Erst, to escape the restrictions on the model necessary to obtain
closed-form solutions, and, second, to explore the space of possibilities. Bugryhe v
attractveness of exploring this vast space creates problems wheranteothers to hee
con(Edence in our results. Because of the negnees of freedom inherent in computer
models compared to closed-form solutions e if the closed-form restrictions enable
solutions to uninteresting problems only S theegkic seeks validation of our results, a
validation which is more difEcult precisely because of the complexities implicit in the
large space of possibilities.

This paper has attempted to provide some formalism to measure the extent to
which a model is validated, and at the same time to demonstnatelif@&cult it is to
validate these compkemodels, gen if at a larger scale the modsl'macro behaour
might be insensiie t© mary micro variables' speciEcalies. V¢ have examined
simulation models of coffeewvdlry at the retail leel, Schellings dassic simulation
simulation, the EMFE mparisons of different simulation models of the same
phenomena, and the U.S. courts' requirements for the use of the output from simulation
models as evidence in antitrust cases.

In almost all cases, there is a tradk{oétween realism and parsimonwith
greater realism demanding mow@iables and greater degrees of freedom. The challenge
is to identify the class of models whose macro behaviour isstdb changes in these
variables' values. Nonethelesthe Daubertdiscipline, and other recent wes to include
the stakeholders in the validation process, point tlay \iorward for simulation
modellers.

In this paperwe haveargued that. although simulations cany@@jistence (of a
model to exhibit a speci®&c behaviour) and so enhance explanation (of the historical
phenomenon resulting in that behaviour), it is difCEcult for simulation teedie
necessary conditions for models to exhibit the speciEgibeharhis might, we ajue,
be one reason for economists' evident reluctance to use computer simulations.

We haveformalised validation and dead (Ze possibilities for the relationships
between the historical observations and the modeMimira We dscussed the relance
of each case for the simulat@lepending on which of the three simulation goatsw
uppermost S explanation, prediction, oxgoration S arguing that different goals
favour different validation relationships.

A discussion of complexity follwed, in which we argued that functional
compleity is the appropriate measure for simulation models. As we discussed, for AB
simulation models the macro behaviour might be less contipéen the micro bel&our
of individual agents, or the aggae of all agents, which turns the Moss & Edmonds
(2005) approach to AB model validation on its head.

The counterfactual predictions of ™merger modelsS must satisfy avelgbf le
validity to be accepted as evidence by competition tribunals and antitrust authorities and
courts. Ourresearch might usefully provide a further basis for the discipline to
strengthen acceptance of computer simulations of economic phenomena through adoption
of naw procedures of model gelopment and assurance (Midglet d. 2007).
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11. Appendix A: Listing of Segregation

globals [
percent-similar
percent-unhappy

]

turtles-own [
happy?

%-similar-wanted percent of
similar-nearby

color?
other-nearby
total-nearby

]

to setup
ca
if number > count patches
[ u ser-message "This pond only has room for " + count patches + "
turtles.”
stop ]

ask random-n-of number patches
[ s prout1
[ setcolorred]]

ask random-n-of (number / 2) turtles
[ s etcolor green]
update-variables
do-plots
end

to go
if not any? turtles with [not happy?] [ stop ]
move-unhappy-turtles
update-variables
do-plots
end

to move-unhappy-turtles
ask turtles with [ not happy? ]
[ f ind-new-spot ]
end

to find-new-spot

rt random-float 360

fd random-float 10

if any? other-turtles-here

[ f ind-new-spot ]

patch

setxy pxcor pycor
end

to update-variables
update-turtles
update-globals
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end

to update-turtles
ask turtles [

set similar-nearby count (turtles-on neighbors)
with [color = color-of myself]
set other-nearby count (turtles-on neighbors)
with [color != color-of myself]
set total-nearby similar-nearby + other-nearby
set happy? similar-nearby >= ( %-similar-wanted * total-nearby / 100 )

]

end

to update-globals

let similar-neighbors sum values-from turtles [similar-nearby]

let total-neighbors sum values-from turtles [total-nearby]

set percent-similar (similar-neighbors / total-neighbors) * 100

set percent-unhappy (count turtles with [not happy?]) / (count turtles) *
100
end

to do-plots
set-current-plot "Percent Similar"
plot percent-similar
set-current-plot "Percent Unhappy"
plot percent-unhappy

end

Source: Wilensk (1998).



